[1] Net primary productivity (NPP) is a key flux in the terrestrial ecosystem carbon balance, as it summarizes the autotrophic input into the system. Forest NPP varies predictably with stand age, and quantitative information on the NPP-age relationship for different regions and forest types is therefore fundamentally important for forest carbon cycle modeling. We used four terms to calculate NPP: annual accumulation of live biomass, annual mortality of aboveground and belowground biomass, foliage turnover to soil, and fine root turnover in soil. For U.S. forests the first two terms can be reliably estimated from the Forest Inventory and Analysis (FIA) data. Although the last two terms make up more than 50% of total NPP, direct estimates of these fluxes are highly uncertain due to limited availability of empirical relationships between aboveground biomass and foliage or fine root biomass. To resolve this problem, we developed a new approach using maps of leaf area index (LAI) and forest age at 1 km resolution to derive LAI-age relationships for 18 major forest type groups in the USA. These relationships were then used to derive foliage turnover estimates using species-specific trait data for leaf specific area and longevity. These turnover estimates were also used to derive the fine root turnover based on reliable relationships between fine root and foliage turnover. This combination of FIA data, remote sensing, and plant trait information allows for the first empirical and reliable NPP-age relationships for different forest types in the USA. The relationships show a general temporal pattern of rapid increase in NPP in the young ages of forest type groups, peak growth in the middle ages, and slow decline in the mature ages. The predicted patterns are influenced by climate conditions and can be affected by forest management. These relationships were further generalized to three major forest biomes for use by continentalscale carbon cycle models in conjunction with remotely sensed land cover types.
Introduction
[2] The terrestrial carbon cycle is the most uncertain and variable component of the global carbon cycle [Canadell et al., 2007; Le Quéré et al., 2009] . Net primary productivity (NPP), the difference between gross primary production (GPP) and autotrophic respiration (AR) [Chapin et al., 2006] , is in turn the most variable part of the terrestrial carbon cycle [Alexandrov et al., 1999] , and greatly affects interannual variations of terrestrial carbon sinks [Cramer et al., 1999] . NPP in forests is not only affected by climatic variability, but is also closely related to forest age. Typically, forest NPP increases rapidly at the early development stage, reaches a maximum in middle ages and gradually declines in later ages [Bond-Lamberty et al., 2004; W. J. Chen et al., 2002; Wang et al., 2003; Gower et al., 1996; Pearson et al., 1987; Pregitzer and Euskirchen, 2004; Ryan et al., 1997; Wang et al., 2011] . However, Kutsch et al. [2009] found that a successional decline in NPP is not a 'universal feature' of natural forests and they identified several processes that work against such a decline. Given such complications, understanding the pattern of forest NPP associated with age is critically important for improving forest carbon cycle estimation [Carey et al., 2001; Chen et al., 2003; Luyssaert et al., 2008; Ryan et al., 1997; Song and Woodcock, 2003; Yarie and Billings, 2002] . Until now, large-scale carbon cycle modeling has not widely included forest stand-age information as an important variable [Kohlmaier et al., 1995] , although its first order effect was considered in regional carbon cycle modeling for Europe [Zaehle et al., 2006] , Canada [Chen et al., 2003] and China [Wang et al., 2007] . The reasons for the lack of consideration of forest age in estimating NPP may be lack of spatially explicit data of forest ages and the difficulty in determining NPP-age relationships for various forest types or tree species.
[3] It is impossible to directly measure forest NPP in the field in terms of this difference between GPP and AR [Waring and Schlesinger, 1985] . Alternatively, NPP can be defined as the total new organic matter produced during a specified interval, and can be estimated by combining (1) the amount of new organic matter assimilated and stored in plants (aboveground biomass increments in stems, branches, foliages etc., and belowground biomass increments in coarse and fine roots) and (2) the amount of assimilated organic matter that was lost (litterfall, dead roots, consumed by animals etc.) [Clark et al., 2001 ] from which several minor NPP components can be omitted because of their relative insignificance (e.g., consumption by sap-suckers, emission of biogenic volatile compounds, organics leached from plant parts). In short, forest NPP is the net carbon product of trees that is allocated to several carbon pools-not only living biomass, but also soil organic matter. It is therefore a key flux in terrestrial carbon cycle modeling. Conventional forest inventories provide massive amounts of ground data about tree growth; however, they do not provide all necessary information for NPP estimation because the multiyear remeasurement period and sampling protocols that focus on tree stem allometry do not include measurement of foliage and fine root production. In spite of this limitation, forest inventory data have been used for estimating forest carbon stocks and stock changes over decades with an aggregated approach, often excluding full accounting of changes in soil carbon stocks associated with forest development. In many important applications, relevant ecosystem carbon pools are estimated with simple assumptions from ecosystem studies reported in the literature [Fang and Wang, 2001; Heath et al., 2002; Pan et al., 2011b] . In inventory-based forest carbon studies, one of the methods is to convert stem volume from inventories to total tree biomass increment and then to NPP for full carbon cycle estimation [Kurz and Apps, 1999] . However, the conversion from biomass increment to NPP is highly uncertain if only using inventory data (see also W. J. Chen et al. [2002] ), which therefore affects the use of inventory data for improving carbon models that simulate a full carbon cycle including soil and vegetation components.
[4] Forest inventory data are insufficient for NPP estimation. Estimating forest NPP requires information about four components: (1) live biomass increment, (2) mortality, (3) foliage turnover, and (4) fine root turnover [W. J. Chen et al., 2002] . Forest inventories can be effectively used for estimating only the first two terms [Jenkins et al., 2001 ], yet the last two terms account for a large proportion of total NPP. For example, more than 50% of NPP in boreal forests is due to foliage and fine root production [Gower et al., 1997] ; about one third of NPP is allocated to foliage and a similar amount to fine root each year. Except for evergreen conifer forests with a foliage life-span of several years, foliage and fine roots are usually decomposed and emitted to the atmosphere or added to soil carbon pools within a year, and so these components cannot practically be included in forest inventory measurements. In previous studies [W. J. Chen et al., 2002; Jenkins et al., 2003; Li et al., 2003] , the estimates of foliage and fine root turnovers were made from limited empirical relationships between aboveground biomass and foliage or fine root biomass. These estimates are rather coarse mainly due to unknown variations of the turnover rates with stand age since such field information is rare [Yanai et al., 2006] , and cause the largest uncertainty in NPP estimates derived from forest inventory data. To resolve this issue, we used remote sensing data to provide additional information for estimating the foliage turnover rates, and empirical relationships to derive the fine root turnover rates. Pan et al. [2011a] compiled the first continental forest age map for North America (NA) at 1 km resolution. In this study the age map was used in combination with a yearly maximum Leaf Area Index (LAI) map of NA in 2000 at the same resolution to derive LAI-age relationships for eighteen major forest type groups in the United States (U.S.), where LAI is defined as the total one-sided (or one half of the total allsided) green leaf area per unit ground surface area [Chen and Black, 1992] . We then combined the LAI-age relationships with species-specific leaf longevity and specific leaf area (SLA, leaf area per unit dry mass) to derive the foliage turnover rates at various stand ages for these forest type groups in the U.S. The relationships are also used for estimating the fine root turnover rates based on empirical relationships between fine root and leaf turnover rates.
[5] The objectives of our research are (1) developing NPPage relationships for major forest biomes in the U.S. by combining data from Forest Inventory and Analysis (FIA), remote sensing, and species-specific traits in order to fill the data and knowledge gaps; and (2) examining whether there is a consistent pattern in the NPP-age relationships among all U.S. forest types and how critical the new information is for improving ecosystem models in terms of estimating forest carbon dynamics.
Data Sets
[6] Data sets derived from FIA forest inventories, remote sensing, and plant traits were used in this study to derive the NPP-age relationships for the U.S. (Table 1 ). All maps were re-projected to NA Albers Conical Equal Area projection at1 km resolution using nearest-neighbor re-sampling in the analysis.
Forest Inventory and Ecosystem Data
[7] FIA includes three sampling phases (http://www.fs.fed. us/). Phase 1 uses aerial photography and satellite data to characterize the acreage of forest and non-forest land in the U.S. Phase 2 consists of about 150,000 permanent field sample locations (approximately one plot every 6,000 acres) that are remeasured periodically to provide statistics on volume, biomass, harvest, growth, mortality, damage, species composition change, and site information such as ownership, stand age, and forest type. Phase 3 is a subset of phase 2 plots from which forest health data is collected, as well as data about woody debris, understory vegetation, and soils. At each sample location, a rigorous protocol from the FIA National Core Field Guide is followed to select sample plots and trees for measurements. For all phase 2 and 3 measurements, each FIA plot consists of a cluster of four circular subplots distributed over an acre in a fixed pattern. The millions of sampled trees from these plots provide the basis for estimating volume and biomass of live and dead trees in U.S. forests. Standing live biomass is estimated from the measurements of trees greater than 2.5 cm in dbh (diameter at breast height) using a standard set of biomass equations covering all tree components .
[8] Live biomass includes coarse roots (greater than 0.2 to 0.5 cm), stems, branches, and foliage. The biomass of standing dead trees is estimated using the same equations as for living trees with adjustments for biomass loss [Smith et al., 2003] . In addition, understory biomass which includes tree seedlings less than 2.5 cm dbh is estimated using data from field studies [Birdsey, 1996] , and coarse woody debris is estimated using field measurements of carbon density, decay rates, and estimates of logging residues .
[9] The forest ecosystem carbon yield tables derived from the U.S. inventory plot data provide stand-level merchantable volume and carbon stocks in forest ecosystems at different age classes for 18 forest type groups within 10 ecoregions of the United States. The stand ages of inventory sample plots were usually determined by sampled tree ring cores that represent the average age of the trees on the sample plot. The plots that were not given an age in the forest inventory, such as multiaged plots, were assigned an "equivalent age" based on volume and stocking. About 10% of all inventory sample plots are considered multiaged [Smith et al., 2009] .
[10] In total, 102 forest carbon yield tables are available, of which 51 represent afforestation of nonforest sites and 51 reforestation of harvested forest sites. The tables include six distinct carbon pools in forest ecosystems for the different forest types and age classes: (1) live trees, (2) standing dead trees, (3) understory vegetation, (4) down dead wood, (5) forest floor, and (6) soil organic carbon. The last three carbon pools in afforestation sites are different from reforestation sites because of the effect of post-harvest residuals. We used the afforestation tables in this study because we excluded post-harvest residual (the down dead wood) [Smith et al., 2006, Appendix B] that may distort true forest NPP growth patterns.
[11] These tables represent the majority of forest conditions in the U.S., and age classes up to 90 years in the southern regions and 125 years elsewhere. There is insufficient inventory data to characterize forests with stand ages beyond these limits. Although for some U.S. forest types an age of 125 is young compared to their life expectancies [Pan et al., 2011a] , there is little (about 1% of area) old growth forest remaining in U.S. due to past intensive land use and forest management [Lichstein et al., 2009] . This small area does not represent significant contribution to the overall NPP of U.S. forests, although it may be locally relevant. The estimates in the look-up tables are called "average estimates," because these tables represent averages of carbon stocks over large areas of each eco-region.
Forest Stand Age and Uncertainty Maps
[12] Pan et al. [2011a] compiled the first continental forest age map of NA by combining forest inventory data, historical fire data, and optical satellite data including the data set from NASA's LEDAPS project [He et al., 2011; Masek et al., 2008] . The availability of this map with 2000 as the base year makes it possible to analyze the LAI -age relationships. Observed tree age or time since a known disturbance are commonly used to estimate forest ages [Bradford et al., 2008] ; these two kinds of ages are both included in the map. If natural disturbances or harvesting do not kill or remove all of the trees in a forest stand, there is a difference between observed (and averaged) forest age and a surrogate age based on time since disturbance [Bradford et al., 2008; Pan et al., 2011a] . Since we cannot differentiate the type of ages in the map, errors may be introduced to the LAI -age relationships which will be discussed in section 4. The age map represents the dominant forest age in each pixel interpolated by Voronoi polygons from plot age data. The standard deviation of each 1-km pixel of the age map was calculated based on 16 sub-pixels [Pan et al., 2011a] . Uncertainty of forest ages is less for the U.S. eastern forests than the western forests because of relatively less diverse age structures there.
Land Cover
[13] The land cover map was downloaded from the Global Land Cover 2000 Project, which produced this data set using the SPOT4 VEGETATION (VGT) product [Global Vegetation Monitoring Unit, 2003] . The map includes 23 land cover types and 3 forest biome types: deciduous broadleaf forest (DBF), evergreen needleleaf forest (ENF), and mixed forest (MF). This map was used in the LAI algorithm Deng et al., 2006] .
Leaf Area Index Map
[14] A data set of LAI in NA was produced using the SPOT4 VGT 10-day synthesis product for 12 months in 2000 using the original LAI algorithm (version 1) in which the LAI maximum is set to 6.0 for deciduous forest in order to avoid saturation in reduced simple ratio (RSR) signals Deng et al., 2006] . We also produced two new data sets without setting a maximum LAI threshold: one data set (version 2) is unsmoothed, and another data set (version 3) is smoothed using the algorithm developed by Chen et al. [2006] .
[15] Another LAI data set from the MODIS (MODerate Resolution Imaging Spectroradiometer) monthly LAI product (collection 5) in 2000 was also used [Yang et al., 2006] .
Vegetation Continuous Field Map
[16] The MODIS Vegetation Continuous Fields (VCF) product (collection 4, version 3) was used to screen pixels with small forest percent cover at the sub-pixel level in order to reproduce the correct LAI-age curve [Hansen et al., 2007 [Hansen et al., , 2002 [Hansen et al., , 2003 . The valid values of this product range from 0 to about 80% representing the percentage of tree cover at 500-m MODIS pixels for all land cover types.
Forest Type Map
[17] A forest type map from the USDA Forest Service was used in deriving LAI-age relationships for the forest type groups [Ruefenacht et al., 2008] . Overall map accuracy for the classification of the 28 forest type groups was 69%. Some forest type groups are less dominant and have limited sample plots, so only 18 are included in the carbon stock tables . It is possible there are mismatched pixels of forest or forest type between the forest type and land cover maps (DBF, ENF or MF) because of their different data sources and co-registration errors.
Plant Trait Data
[18] SLA, the foliage turnover ratio (t l ) and the ratio of new root carbon to new leaf carbon allocation (R fr,l ) were used to determine leaf biomass, and leaf and root turnover rates. Individual observations of SLA were provided by the TRY initiative [Kattge et al., 2011] . About 3000 SLA records for the tree species of interest in NA are collected in the TRY database. Species-specific information for leaf longevity, which determines the foliage turnover ratio, and the ratio of new root carbon to new leaf carbon allocation were obtained from White et al. [2000] .
Methods
[19] We estimated NPP (t C ha À1 year À1 ) as the sum of biomass increments or turnovers of several components [W. J. Chen et al., 2002] :
where DB is the increment in the total living biomass (the sum of increments in stem, branch and coarse root, as foliage and fine root do not change much from year to year), M is the mortality including only the stand dead tree and the down dead wood, L l is the turnover of foliage, and L fr is the turnover of fine root in soil.
[20] We used the following steps to estimate the four NPP components. (1) Pre-processing was used to get plant traits data for 18 forest types and three major forest biomes.
(2) DB and M were estimated using carbon stock tables. (3) LAI-age relationships were derived and then L l was estimated using LAI and plant trait data. (4) L fr was estimated using the empirical relationship between L l and plant trait data. (5) The NPP and age relationship was fitted, and (6) the uncertainty of total NPP was also estimated.
Pre-processing for Plant Trait Data
[21] We assumed that the three plant traits (SLA, t l , and R fr,l ) are age-invariable due to the limited records. We took the following steps to estimate each plant trait:
[22] 1. We searched the plant trait records provided by the TRY database, which were collected from different publications, for forest types in Table 1 of Ruefenacht et al. [2008] ; we then estimated average values of the plant trait variables for forest types based on the records of tree species in forest type categories.
[23] 2. We classified the records into several forest type groups: fir, spruce, pine, hemlock, oak and other deciduous broadleaf forest, and calculated the mean values for each group.
[24] 3. We counted the pixels for each forest type in Table 1 of Ruefenacht et al. [2008] to determine the area weight of its forest type group. The average plant trait values from step 1 were assigned to corresponding forest types; for those types without corresponding plant trait values, we used the group average from step 2. We obtained the weighted plant trait value for each forest type group according to the area weight and plant trait value of each type, and were able to estimate specific plant trait values for each forest type group.
Determining the First and Second Components of NPP
[25] The carbon stock estimates of live tree, standing dead tree, and down dead wood from the tables were used to estimate the first and second components (DB and M) of forest NPP. The increment in the total biomass carbon (t C ha À1 year À1 ) was determined by dividing the difference between two live tree biomasses by the time interval between them, for each time interval in the table. Assuming that the foliage biomass does not change from year to year, this total biomass increment includes only the increments of stems, branches and coarse roots, but does not include the turnover of foliage and fine roots. The total mortality is considered to be the sum of the increments in standing and down dead trees, which can be calculated in the same way as the increment in the total living biomass.
Determining the Foliage Turnover 3.3.1. Defining the Relationship Between Maximum LAI and Forest Age
[26] Maximum foliage biomass (including the understory) corresponds to the maximum LAI during a year. The maximum LAI values for each pixel were extracted by searching the seasonal trajectories of LAI values in each LAI product to produce the maximum LAI map. We found that the maximum LAI for the U.S. mostly occurred (peaked) in the last 10-days of July.
[27] We used five years for age group intervals (0-2.5 yrs, 2.5-7.5 yrs, and so on), searched all the maximum LAI values associated with stand ages that have low uncertainties (by stdage map) in the same age group for each forest type group or each major forest biome, and then took their averages to derive the LAI-age relationships. The five-year age groups are same as the age groups in the carbon stock table. We tested smaller steps less than 5 years but the relationships became noisy. The GLC2000 land cover map was used to derive LAIage relationships for deciduous broadleaved forest (DBF, land cover code 1 and 2), evergreen needle-leaved forest (ENF, land cover code 4 and 5), and mixed forest (MF, land cover code 6) in NA because it explicitly includes a mixed forest type (broadleaved and needleleaved) not included in the USFS forest type map.
Separating Canopy LAI and Understory LAI
[28] The total LAI (LAI t ) retrieved by Deng's algorithm consists of LAI from both the tree canopy (LAI f ) and the understory (from shrubland and grass -LAI u ):
Generally, the understory LAI dominates immediately after disturbances or in the beginning of afforestation; then when trees grow larger and compete for space and sunlight, the understory LAI decreases gradually. The relationship between the proportions of LAI u and LAI f (or sometimes NPP u and NPP f ) change with forest stand age. For example, W. J. Chen et al. [2002] assumed that the understory NPP decreases exponentially with forest stand age. To accurately quantify the NPP-age relationship, we developed an approach to separate LAI f and LAI u from the LAI-age relationship and used LAI f and plant traits data to estimate foliage turnover.
[29] LAI u and LAI f are two unknowns. We assumed that the LAI u is proportional to the direct radiation reaching the ground (or the LAI u is proportional to the gap fraction):
where LAI u,max is the maximum understory LAI right after disturbance or afforestation in a well-developed forest ecosystem with abundant nutrition for understory vegetation; q is the daily average solar zenith angle (we set it 60 degrees in this study); k(q) is the project coefficient relating to leaf angular distribution (we assume it is spherical leaf distribution, and set it to 0.5); and W is the clumping index from Chen et al. [2005] for each forest type groups. LAI u is set to its minimum value when the ecosystem has maximum LAI (generally when the canopy reaches closure).
[30] We initialized LAI u,max using the value of LAI t (the average LAI t for ages from 0 yr to 2.5 yrs) for stand-age zero in the LAI-age curves. The value of LAI u,max could be overestimated. However, this assumption only facilitates setting the initial value of LAI f to zero for stand-age zero in order to construct the LAI f -age relationships, and may not be problematic because a pure forest pixel of stand age zero rarely exists at 1 km resolution.
[31] We defined the peak NPP age of a forest stand to be when the LAI value reaches an obvious peak in the LAI-age curves. If a peak NPP age is unidentifiable from LAI, the age for the maximum biomass NPP (section 3.2) is used with an assumption that the LAI generally peaks when NPP peaks.
[32] In short, there are 3 steps to determine the LAI curve for a young growing forest before reaching the peak NPP age: (1) LAI f linearly increases from zero to the peak value; (2) The first order estimation of LAI u is made using equation (3); and (3) LAI f is obtained as the difference of LAI t and LAI u from step 2 (equation (2)). These three steps can effectively separate LAI t into a persistent increase of LAI f and a persistent decrease of LAI u , reflecting a realistic dynamic pattern of LAI in forest.
[33] To solve LAI f after the forest reaches the peak age, we let a = LAI u,max , b = Àk(q)ÁW/cos(q) and substitute the LAI u in equation (2) using equation (3):
where Lambertw is the Lambert W function, and Lambertw (0, x) is the 0-th branch of this multivalued function [Corless et al., 1996] . At a given age, if the function has no real solution for separating the LAI t we then assign LAI u to a value according to field measurement from references in the literature.
Foliage Turnover
[34] We calculated the foliage turnover rate (L l ) using the maximum forest canopy LAI (LAI f ) and parameters based on plant trait data:
where L l is in t C ha À1 yr À1 ; SLA is in units of ha t À1 ; t l is foliage (to litter) turnover ratio (yr À1 ) that differs for forest types; and c is the ratio of carbon to dry matter. The dry matter of tree leaves contains from 45 to 50% carbon [Reichle et al., 1973; Schlesinger, 1997] , and we assume c = 0.5 [Pregitzer and Euskirchen, 2004] .
Determining Fine Root Production
[35] Live root biomass is proportional to stand density and LAI [DesRochers and Lieffers, 2001 ], thus we can estimate fine root production from stand LAI. Fine root turnover rate is linked to the foliage turnover rate by introducing the index R fr,l :
We discussed uncertainty in R fr,l in section 5.1.
NPP-Age Relationships
[36] The total NPP and age relationship was fitted using equation (7) [Chen et al., 2003 ]:
where a, b, c, and d are the coefficients to be determined, and age is a variable.
Methods of Uncertainty Analysis
[37] The absolute error of total NPP (s NPP , given as a standard deviation) in equation (1) for a five-year age group is calculated as [Bevington and Robinson, 2003] 
The three variables on the right side of equation (8) are from independent measurements and assumed to be uncorrelated within the narrow age range and with zero covariance. L l and L fr are correlated in the calculation and their error is estimated by
where cov L l , L fr is for covariance and cannot directly be estimated from the data. We simplified it as cov
[38] Because LAI f , SLA, t l , c and R fr,1 are uncorrelated, so we only need to estimate s L l and s L fr respectively as
The error of LAI, s LAI f , in the LAI-age curve is from two sources: the error from the LAI algorithm and the error the forest stand age map (Figure 1 ). s LAI f is approximated as
where s LAI s is one standard deviation of LAI for the age group, which includes the deviations caused by spatial variation of LAI, LAI algorithm error and forest age error; and s LAI a is a bias of the LAI average caused by the error of stand age. We estimated s LAI a in an indirect way:
where LAI f is the average LAI for an age group, s a is the average of one standard deviations of ages (from the age uncertainty map) for the LAI f age group, LAI f,Às a and LAI f,+s a are biased LAIs due to the age biases of AEs a .
[39] The mean value (E%) for relative error of NPP (s NPP / NPPÁ100) for all ages of a forest type is reported in the results section.
Results

The Three Plant Traits for U.S. Forest
[40] The SLAs and their corresponding standard errors for several tree species and several forest types are listed in Tables 2a and 2b .
[41] The foliage turnover ratios show distinct differences among various forest types due to their different foliage longevity (Appendix A.1.1 in White et al. [2000] ). The foliage turnover ratios for 15 forest types are listed in Table 3a . The averages of the ratios for four groups (fir, spruce, pine, and hemlock) are listed in Table 3b .
[42] The results for fine root turnover ratio (R fr,l ) are listed in Tables 4a, 4b , and 5. White et al. [2000] found that the R fr,l value for ENF was the only case with extreme skewness, with the mean value (2.7) almost twice the median (1.4). The apparent reason is that some firs have extremely high R fr,l (larger than 10). However, through an examination of data provided by Vogt et al. [1982] , Grier et al. [1981] , and Fogel [1983] , we found that they explicitly included the mycorrhiza in the fine root product. Therefore, these outliers were excluded in our estimation of R fr,l . The spruce group has only one sample and it is merged with the fir group. We assigned the value of R fr,l for hemlock, tamarack, and cedar with the average (1.59) of fir, spruce, and pine due to insufficient data. Our results for R fr,l for ENF are very close to the median values (1.4) provided by White et al. [2000] .
[43] We labeled forest type groups in the conifer biome with codes from 100 to 400, and in the deciduous biome with codes from 500 to 920. The foliage turnover ratio is set to 1.0 for deciduous broad-leaved forests. The weighted rates for 18 forest type groups are listed in Table 5 .
The NPP Components DB and M
[44] After checking the 51 tables and the forest type map, we found that each forest type group is generally located within one to five geographically adjacent regions, and each forest type group dominates one or two adjacent regions. Accounting for the regional adjacency of each forest type group and for the purpose of general applications, we Figure 1 . Analysis of errors in the LAI-age relationship using an exaggerated LAI-age curve. In this study, we calculated the average and one standard deviation (vertical double arrow in solid and thin lines) of LAI within a narrow age bin indicated by the horizontal double arrow in solid and thin lines. If there are no errors in age and LAI, the deviation is only from spatial variation of forest. If there are errors in the forest age map, equivalently we estimated the average and one standard deviation of LAI (vertical double arrow in dash line) within an enlarged age bin indicated by the horizontal double arrow in dash line; we concluded that the one standard deviation will became bigger, but the average of LAI doesn't change significantly, except around the maximum of LAI (causing a bias). If there are errors in the LAI product as shown by the thick and solid arrows, extra variation will be added to the one standard deviation. In short, both forest spatial variation and errors in the LAI product and forest stand age map can contribute to the deviation of LAI in an age bin, and their effects cannot be separated. The hollow arrows demonstrate the ranges (average of one standard deviations of stand ages within a narrow age bin from the stand age quality map) to calculate LAI f,Às a and LAI f,+s a in equation (13). developed weighted averages for the 1st and 2nd NPP components for each forest type group according to their age and area in all regions. The result is shown in the lower part of each panel in Figures 2a, 2b , and 2c.
[45] Four forest type groups (Douglas-fir, Hemlock-Sitka spruce, Loblolly shortleaf pine, Longleaf-slash pine) have "high productivity and management intensity" sub-groups; these managed forest sub-groups have a sharp increase and decline in their increment in total biomass-age relationships when compared to their more aggregated groups. Their NPP can be 2$3 times greater than the aggregated types in the middle-ages. However, we did not derive separate NPP-age relationships because we lacked a spatial distribution map for managed forests to identify their locations.
The LAI-Age Relationships
[46] Forest cover at 30% is used as the cutoff point to determine if a pixel is forest [Lund, 2006] . To remove noise in the LAI-age relationships, the LAI values associated with std_age >30 years and with VCF < 0.3 were excluded from the analysis. LAI values with lower std_age (<5 years) were primarily used. Excluding forest pixels with VCF < 0.3 in the calculation may improve the LAI-age curve formation, although it may also leave out sparsely stocked forest: there are age groups with samples <100, usually for older groups, not used in the analysis (see the auxiliary material for more details). 1 We tested for exclusion of sparsely stocked forest using LAI data in version 1 and found that the screening using VCF < 0.3 or VCF < 0.1 only slightly affected LAI values in the LAI-age curve (<0.4) except for the PinyonJuniper forest group (an increase of LAI from 1.0 to 2.0, but this type is not included in the stock tables by Smith et al. [2006] ), the Western Oak Group (an increase of 0.8), and the Elm/Ash/Cottonwood group (an increase of 1.0).
[47] We found that there are too many pixels with LAI values close to 6.0 for deciduous broad leaved forest in NA in the LAI product (version 1). This is because we previously set LAI maximum to 6.0 for deciduous forest in order to avoid saturation in the reduced simple ratio (RSR) signals. To assess if this saturation of RSR could distort the shape of the LAI-age curve, we tested LAI data in version 2 and version 3. Comparing the unsmoothed LAI (version 2) to the smoothed LAI (version 3), the LAI-age curve shapes for the NA forest do not change except when the values of mean unsmoothed LAI are generally greater than the smoothed LAI by about 1.0, which is understandable because the smoothing may reduce noise in the maximum LAI values. A comparison of the LAI-age curve shapes in version 1 to version 2 shows that there are no differences between the two data set except for maple-beech-birch in version 2, in which the LAI linearly increases from 6.2 (age 0) to 8 (age 130) while is confined to $6.0 for ages 0$130 in version 1.
[48] We also examined the maximum LAI in year 2000 from MODIS [Yang et al., 2006] , using the same approach to derive the LAI-age relationship. The comparison shows that maximum LAI from MODIS is generally higher in the Rocky Mountains where vegetation is dominated by low LAI shrubs [Pisek and Chen, 2007] . However, for the forest areas where LAI is high, the LAI-age curves from the MODIS data are generally below the curves from SPOT VGT data. The LAI-age shapes are similar for the two products except for alder-maple forest: the LAI-age curves derived from SPOT VGT data show obvious peak ages, while curves derived from the MODIS data show declining form. Apparently, the version 1 product based on SPOT-VGT data provides the most reasonable LAI values, thus was chosen for the analysis of this study.
[49] In the upper part of each panel in Figures 2a, 2b , and 2c, the total LAI (LAI t in the legend) is shown in dots along with its one standard deviation. The total LAI does not increase from 0 for age zero. The separated LAI u (the upper triangle, LAI-u) and LAI f (the square, LAI-f) are shown in the upper part of each panel in Figures 2a, 2b , and 2c. The LAI u shows a rapid decrease during the early developing stage of a forest. We set LAI u = 0.21 for ponderosa pine group when stand age is greater or equal to 35, according to the measurements (the average from different plots) by Law et al. [2003] , because there is no real solution for equation (4) for this forest type.
[50] Of the 18 forest type groups, six groups (Douglas-fir, Fir/Spruce/Mountain Hemlock, Lodgepole Pine, Hemlock/ Sikta Spruce, Aspen/Birch, Alder/Maple) show a decline of LAI in mature ages coinciding with a decline in DB; five groups (White/Red/Jack pine, Longleaf/Slash Pine, Oak/ Pine, Oak/Hickory, and Oak/Gum/Cypress) show that LAI slightly increases with age after maturity; and the other seven groups show no obvious LAI change in their mature For species with sample = 1, the relative error is set to 10%. ages. We noticed that the Deciduous Broad-leaved Forests generally have a more level LAI-age relationship than the Evergreen Needle-leaved Forests.
[51] For the three major forest biomes in the U.S. (Figure 2c ) the LAI-age curve for ENF shows a declining pattern, but there are no evident declines for DBF and MF.
The NPP-Age Relationships
[52] The NPP-age relationships for 18 forest type groups are shown in the lower panel of Figures 2a and 2b . The regression coefficients for equation (7) are shown in Table 6 .
[53] Our results show that California mixed forests have continuously increasing NPP with stand age, the Ponderosa Pine group shows no obvious NPP change after the middleages, and all of the other 16 forest type groups show NPP declines after their middle-age.
[54] All NPP-age relationships for the 18 forest type groups are shown in Figure 3 for comparison. In the early stand ages, forest NPP increases rapidly. The increase rate is highly dependent on the geographical location or the annual temperature and total precipitation. Lodgepole Pine in the Northern Prairie States (NPS) and North Rocky Mountain (RMN) has the lowest growth rate; the Loblolly/Shortleaf Pine, Elm/Ash/Cottonwood, Oak/Pine, and Oak/Hickory in the Southeast (SE) have the highest growth rates. Generally the growth rates are higher in regions with higher annual temperature and total precipitation: the highest rates are in the SE, South Central (SC), Northeast (NE), and Pacific Northwest regions, and the lowest growth rates are in the RMN, South Rocky Mountain (RMS), and NPS regions.
[55] The NPP reaches a peak in middle stand ages, which range from 10 years in the Southeast to 45 years in the Northwest. The DBFs generally reach a peak at 10 years in the SE, with the peak increasing to 35 years with increasing latitude along the east coast. The ENFs, Longleaf/Slash pine and Loblolly/Shortleaf Pine groups in the SE, have peak NPP values at a stand age of about 15 years; the White/Red/Jack Pine group at about 25 years; and the Spruce/Fir group at about 35 years. In the western U.S., the stand age with peak NPP ranges from 30 to 45 years, increasing with latitude.
[56] In the mature ages, the total NPP ranges from 4$9 t C ha À1 yr À1 . NPP declines sharply for ENF, but remains steady for DBF in mature ages.
[57] Figure 4 shows NPP normalized against the peak NPP for each type. Gower et al. [1996] stated that the aboveground NPP (ANPP) commonly reaches a maximum in young forest stands and decreases by 0-76% as stands mature; our results show decreases of 0$70%, which is similar. Loblolly/Shortleaf Pine in the southeast U.S. shows remarkably high NPP because most of the forests are managed plantations: the NPP estimates are comparable to the results by Jenkins et al. [2001] and McNulty et al. [1996a McNulty et al. [ , 1996b .
[58] For the three major forest biomes in the U.S. (Figure 2c ), the shape of the NPP-age curve for ENF seems to be more affected by ages than the other two functional types. DBF and MF appear to be more stable and have higher NPP than the ENF through the mature ages.
The Uncertainty
[59] The accuracy of the derived relationships is affected by errors and uncertainties in the data sources. The relative errors of both DB and M are 15% at 95% confidence levels (equivalent to 15%/1.95996 for a standard deviation, or 68% confidence levels, for a normal distribution) [Heath and Smith, 2000] , so s DB = DBÁ7.65%, and s M = MÁ7.65%. s SLA , s t l , and s R fr,l are from Table 5 . We assumed that the relative error for c is 5% based on the range of values reported in the literature.
[60] The LAI algorithm error can be estimated using the coefficient of variation of the root mean squared error, CV(RMSE). For the LAI map derived from VGT data, the CV(RMSE) for the original LAI method is 34.8% (1.27/ 3.65) (see Table 4 in J. M. Chen et al. [2002] for Canada), the CV(RMSE) for the improved LAI method is 25.8% on average (see Table 2 in Deng et al. [2006] for Canada), and the average CV(RMSE) for four BigFoot sites (three sites for U.S. and one site for Canada) is 24.9% [Pisek and Chen, 2007] . According to equation (12), the LAI algorithm error is already partial included in s LAI s . If s LAI s . is less than 25%, we set it to 25%, s LAI a /LAI t usually is far below 10%.
[61] The absolute errors of NPP are shown in Figures 2a,  2b , and 2c, and the average relative error (E%) in the NPPage relationship is also listed in Table 6 (ranging from 14% to 75%). The errors are mainly from the estimated root and foliage carbon. For example, the Ponderosa Pine, Lodgepole Pine, and California Mixed Conifer groups have the largest relative error because of the large errors in either SLA or R fr,l . In contrast, the Hemlock/Sitka Spruce, and Alder/Maple For species with sample = 1, the relative error is set to 30%. Set ratios of hemlock, tamarack, and cedar to 1.59.
groups have the smallest relative errors due to the big proportion of carbon in live biomass. While the mean value in the NPP-age relationships represents a regional average, the relative error is useful to illustrate the boundaries of NPP for a stand age given the uncertainties (and/or ranges) of all the inputs.
[62] The forest stand age map is composed of pixels with 1 km resolution, but is actually interpolated from sample plot data. Therefore, the map may capture forest age distribution over landscapes but miss the age variation at smaller scales. A close check of std_age for needle-leaved forest age groups shows that most of the std_ages are less than 15 yrs except for some elder forest groups; for broad-leaved forest age groups, the std_ages are generally less than 10 yrs. For Douglas-fir, Oak/Hickory, and Maple/Beech/Birch groups, the std_ages are generally less than 5 yrs. Overall the forest age map is not a significant source of uncertainty (see the auxiliary material).
[63] We found that the maximum LAI for some DBFs is confined to $6.0 and the associated one standard deviation is less than 1.5, likely due to limited capability of optical remote sensing to detect higher LAI because of signal saturation. We tested three different versions of LAI products but found no obvious effects on LAI-age curves. To some extent, this data limitation might have contributed to the flat pattern of the DBF LAI-age relationships in the middle stand ages. However, removing the saturated LAI values would not improve the accuracy of NPP-age curves, since it would obviously underestimate leaf carbon. In the uncertainty analysis we set the relative error of LAI to be at least 25% to assess the errors due to saturation.
[64] In this study the derived NPP-age relationships are limited to a maximum stand age of 125 years because the small numbers of pixels available for the older age groups would produce large uncertainties in the results. Caution should be taken if extrapolating the results beyond 125 years. Lichstein et al. [2009] found that for most North American forest types, biomass of older forests was stable or increasing, indicating an equilibrium status of old-growth forests with only slightly positive NPP. We used only one curve shape (equation (7)) for data fitting, so for some forest type groups, the curve shapes in the older ages may not be well represented and could be biased. According to the R 2 (coefficient of determination) and RMSE (root mean squared error) shown in Table 6 , equation (7) is statistically good enough to fit the NPP-age data.
[65] The LAI-age curve shape defines the foliage (and fine root) NPP-age curve shapes. By separating the understory LAI from total LAI, we explicitly extracted understory NPP from the total tree NPP, which enabled us to develop more specific NPP-age relationships for canopy trees. This difference should be considered when using the NPP-age relationships for modeling either forest ecosystem NPP or only tree NPP.
[66] In a related study, the NPP-age relationships developed here were used as a core component in the Integrated Terrestrial Ecosystem Carbon Model (InTEC) [Chen et al., 2000; Zhang et al., 2012] . The modeled results of net ecosystem productivity (NEP) were compared by measured values from AmeriFlux sites (http://ameriflux.ornl.gov/). The InTEC model captures 83.2% of the variance in NEP for 147 site-years at 35 sites using the actual land cover types, forest stand ages and forest type groups (F. Zhang et al., Carbon balance in conterminous U.S. forests based on historic changes in climate, atmospheric composition, and disturbances, submitted to Global Biogeochemical Cycles, 2010), and suggested that the derived NPP-age curves are robust and valid to capture first order approximations of forest NPP dynamics with ages.
Discussion
[67] This study provides an independent and unique approach to derive a set of age-related NPP curves from landscape-scale monitoring data of forest inventories, remote sensing data, and species traits covering a broad range of forest types for a regional to continental level study. Three of the four NPP components are based on reliable monitoring products; only the calculation of fine root production is based on a first order approximation.
The Fine Root Production
[68] Fine root production is assumed linearly correlated to foliage production and the ratio R fr,l , invariant with age. These assumptions are critical to the established NPP-age relationships. However, the correlation between new foliage carbon and new fine root carbon is supported by The forest type group codes are same to Table 5 . The R 2 and RMSE (root mean squared error) quantified the errors for fitting the NPP estimates to equation (4). E% denoted the average of e% for each stand age in a NPP-age curve, where e% is a standard deviation of NPP estimate for each stand age and expressed by percentage of the mean value. Figure 3 . NPP-age relationships for the 18 major forest type groups within the U.S. measurement data [Borja et al., 2008; Burkes et al., 2003; Claus and George, 2005; DesRochers and Lieffers, 2001] and is used in different models [Chen et al., 2003; Jenkins et al., 2003; Pedersen, 1998 ]. A recent review shows that carbon allocation to foliage, wood, roots and respiration all increased linearly with increasing GPP, implying a strong correlation between foliage and total root production [Litton et al., 2007] . Since fine root production is often proportional to the total root production, an assumption of constant R fr,l may be reasonable. Drake et al. [2011] calculated fine root production for a forest dominated by loblolly pine with the assumption that the proportion of hardwood fine roots to pine fine roots was the same as the proportion of hardwood LAI to pine LAI.
[69] Carbon allocation to fine root production may have various modes [Ryan et al., 1997 [Ryan et al., , 2004 . For example, Law et al. [2003] found that the R fr,l was highest in youngest stands (9-23 years) in the semiarid environment in Oregon for ponderosa pine. Yanai et al. [2006] suggested that the fine-root biomass continues to increase past the age of canopy closure for northern hardwood stands, implying that the R fr,l may be greater at older ages. Fine root production can be affected by many factors [Majdi and Andersson, 2005; Ruess et al., 1996; Zerihun and Montagu, 2004] and the measurement of belowground NPP is very difficult [Gower et al., 1999; Li et al., 2003] . These factors cause uncertainty in estimating fine root turnover, but these few case studies cannot be used to adjust our estimates because they lacking sufficient data for developing age-related ratio functions (R fr,l ) for different forest type groups across the U.S.
The NPP-Age Relationships and the Carbon Allocation Modes
[70] The results indicate that there are general and consistent patterns of NPP-age relationships for different forest types across the U.S., with an initial increase to a peak value, followed by a decline. The NPP-age pattern is determined by its components, first by the increment in total biomass (the mortality has a similar pattern but with smaller magnitude), then by the fine root and foliage turnover rates (which are controlled by the LAI-age pattern). The pattern is further constrained by climate conditions: the turning points of NPPage curves and magnitude of peak values are predictably associated with the spatial distribution of temperature and precipitation for forest types. The magnitudes of peak NPP are positively correlated with the annual mean temperature and total precipitation. The results show very reasonable NPP-age patterns of tree types across geographical regions and are also consistent with those reported by Pregitzer and Euskirchen [2004] .
[71] We compared our NPP-age relationships with similar relationships for China's forests [Wang et al., 2011] , where the NPP was modeled [Liu et al., 1997] and validated. Five NPP-age relationships were derived for different forest ecosystems in China. Their NPP-age curves are similar to the curves derived for U.S. forests except for DBF which doesn't show a decline until age 120 yrs. However, our NPP-age relationships for some DBFs (Oak/Hickory, Oak/Gum/ Cypress, and Elm/Ash/Cottonwood groups) don't show obvious declines in mature stand ages, either. This may imply that further studies should pay more attention to the DBFs. Figure 4 . Normalized NPP-age relationships for the 18 forest type groups in U.S. Each NPP-age curve is normalized to its individual maximum NPP in peak age.
[72] The NPP-age curve shape is dominated by the hump of wood NPP in all 18 forest types, which has a variable height and peaks at a different age for each forest type group. The foliage NPP and fine root NPP don't have such obvious humps. There are currently two hypotheses (or mechanisms) to explain the NPP-age decline: one hypothesis is that the NPP/GPP is constant, and GPP declines with age [Drake et al., 2010 [Drake et al., , 2011 ; the other hypothesis is that the NPP decline is caused by increasing autotrophic respiration [Goulden et al., 2011] . If LAI is positively correlated with GPP, our data support the second hypothesis; however the saturation in LAI may undermine this conclusion.
[73] Our results also reveal distinct carbon allocation patterns among forest types. For instance, Loblolly/shortleaf pine has NPP mostly allocated to foliage and fine root carbon in mature ages; while Hemlock/spruce type allocated NPP mostly to the wood component. Loblolly/shortleaf pine has the maximum leaf turnover rate among all evergreen needleleaved types (Table 5) , indicating a larger carbon resource required to grow new leaves (and fine roots) as a strategy for carbon allocation in this fast growing tree type, compared with a late successional type such as hemlock/spruce.
[74] On the other hand, the Hemlock/spruce group has large SLA values and a small leaf turnover rate ( Table 5 ), indicating that only a very small fraction of carbon is allocated to new leaves and fine roots each year, a very different carbon allocation strategy through leaf longevity and reserved resource for maintaining growth of this shade-tolerant type. The allocation ratio of its leaf NPP to total NPP (from the ninth panel of Figure 2a ), shows a minimum ratio of 7.3% (at 45 yrs) and suggests a high percentage of photosynthetic product to be allocated to wood biomass.
[75] For the California mixed conifer group, which is different from all other groups, the LAI-age relationship shows a flat pattern or only a very slight decline; its NPP-age curve is dominated by the live tree biomass increment with an increasing trend. Several coniferous species in the Pacific southwest region have much longer life spans than other species in the U.S., and may take more than a century to reach maturity [Pan et al., 2011a [Pan et al., , 2011b . This is perhaps the reason there is a continuous increasing trend of NPP in the California mixed conifer group without an obvious decline in 125 years.
Concluding Remarks
[76] In this study, we combined FIA, remote sensing and plant trait data to derive NPP-age relationships for 18 forest type groups in the United States. Each relationship represents an average estimate over broad areas for a certain forest type group.
[77] The results show that NPP of various forest type groups has a similar temporal pattern: rapid increase during early succession, peak growth in middle ages, and slow decline in mature ages. This pattern is strongly affected by mean annual temperature and total precipitation: forests in the Southeast generally show higher growth rates in younger ages, reach the peak NPP earlier, and maintain higher NPP in the mature ages, compared with forests in colder regions of the northern latitudes, high altitudes, and mid-continental areas.
[78] We also developed NPP-age relationships for the three major forest biomes: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forests (DBF), and Mixed Forest (MF), by further grouping the 18 forest type groups. Their NPP-age relationships show similar temporal patterns, although ENF shows a faster increase in early successional development and a faster decline in mature ages than DBF and MF. Because forest ages are limited to 125 years in this study, most of the deciduous forests in the U.S. (mostly located in the eastern U.S. such as oak-hickory, maple-beech-birch) remain very productive within this age range, while most dominant coniferous forests (i.e., loblolly pines, slash pines and Douglas-fir) have highest NPP before 50 years-old and lower productivity after the peak years. The California mixed conifer group in the Southwest is the only exception we found that shows consistently increasing NPP during the 125 years. The long life-spans of tree species in this group are likely the reason for the increasing trend of NPP.
[79] Forest management could be affecting the NPPage curve form. In the Southeast, South Central and Pacific Northwest regions, where industrial plantations and forest management are most intensive, the biomass NPP in intensively managed sites could be 2-3 times higher than that in site with average management during the middle ages, indicating stronger carbon sequestration capacity and potential through forest management.
[80] The NPP curves derived here may have many uses for analysis of management and climate effects on the forest carbon cycle since they provide a new, independent and comprehensive source of information. For example, the NPP curves support analysis of the potential for reducing atmospheric CO 2 concentrations by changing the age-class structure of forested landscapes in a region. The NPP-age relationships may be incorporated in ecosystem models as key equations to project the impact of climate change on productivity, or to improve atmospheric inversion models that are used to diagnose recent changes in carbon flux over North America.
